Abstract-Nonrigid registration can automatically quantify small changes in volume of anatomical structures over time by means of segmentation propagation. Here, we use a nonrigid registration algorithm based on optimising normalized mutual information to quantify small changes in brain ventricle volume in magnetic resonance (MR) images of a group of five patients treated with growth hormone replacement therapy and a control group of six volunteers. The lateral ventricles are segmented from each subject image by registering with the brainweb image which has this structure delineated. The mean (standard deviation) volume change measurements are 1.09 (0.73) cm 3 for the patient group and 0.08 (0.62) cm 3 for the volunteer group; this difference is statistically significant at the 1% level. We validate our volume measurements by determining the precision from three consecutive scans of five volunteers and also comparing the measurements to previously published volume change estimates obtained by visual inspection of difference images. Results demonstrate a precision of 0 52 cm 3 ( = 5) and a rank correlation coefficient with assessed difference images of = 0 7 ( = 11). To determine the level of shape correspondence we manually segmented subject's ventricles and compared them to the propagations using a voxel overlap similarity index, this gave a mean similarity index of 0.81 ( = 7).
I. INTRODUCTION
T HE monitoring of the response of the brain to drug therapy can provide useful clinical information about the effectiveness, required dosage and duration of therapy. Here, we measure the response of adult onset growth hormone deficient patients to synthetic growth hormone which is a topic of current research in endocrinology [2] . In earlier work [3] , [4] , we used rigid-body registration of serial magnetic resonance (MR) scans and visual assessment of difference images to demonstrate subtle brain changes associated with growth hormone replacement therapy. However, this approach has the disadvantage of not providing a quantitative measure and it also requires experts to assess the Manuscript received October 30, 2001 ; revised August 13, 2002 [5] , [6] in the early 1980s to delineate low contrast anatomical brain structures in positron emission tomography (PET) and CT images. Other methods of nonrigid registration [7] - [10] were proposed in the 1990s and were applied to intersubject brain registration. More recently, the "demons" optical flow based nonrigid registration algorithm [11] has been used to quantify change in volume of brain structures over time [12] , and to quantify the difference in volume of brain structures between cohorts [13] . One approach to segmentation is to delineate a structure of interest from one image, and to use the deformation field calculated by nonrigid registration of that image to a second image to delineate the same structure in the second image [14] . This approach is called segmentation propagation [12] , [15] , and is illustrated in Fig. 1 .
An important consideration for the choice of similarity measure for intensity-based image registration is the relationship between voxel intensities when images are aligned [16] , [17] . For intra-subject registration of serial MR brain images, similarity measures based on mutual information and correlation perform well [18] . For intersubject registration, there are likely to be differences due to shading artefacts and also differences in the MR sequence and hardware. These differences will lead to a nonlinear relationship between voxel intensities. However, most nonrigid registration algorithms use similarity measures that assume a linear relationship and thus are sensitive to these intensity differences, e.g., demons [11] which has led some authors to correct for intensity changes prior to registration [15] . Nonrigid registration algorithms that optimize an information theoretic similarity measure such as normalized mutual information [19] are less likely to be sensitive to these effects.
Here, we apply the cubic B-spline nonrigid registration algorithm [20] to study a group of five adult patients being treated with growth hormone replacement therapy, and a group of six volunteers. This group was previously studied using rigid body registration and expert visual assessment of difference images 0278-0062/02$17.00 © 2002 IEEE Fig. 1 . Principle of segmentation propagation. I represents the atlas image with a segmented structure, R , defined by a connected set of boundary points at voxel locations, shown as dots and lines. I and I represent the baseline and repeat images of a patient. Nonrigid registration of I to I and I produces the transformations T and T . Image I is transformed by T and T into the space of I and I which results in propagated structures R and R . Because a transformation results generally in translations of boundary points by a noninteger number of voxels, the transformed set of boundary points does not, in general, coincide with the voxel locations of I and I . [21] . That study determined that the greatest change in the patient images was a reduction in the volume of the lateral ventricles. In this work, we demonstrate that the nonrigid registration algorithm is able to quantify small volume changes with a precision of cm ( ). We validate the volume change measurements by comparing them to visual assessment scores previously obtained for the same subjects and we quantify the level of shape correspondence by comparing the propagated ventricles with manually segmented ones.
The novelty of this work is the use of segmentation propagation to quantify very small changes in clinical serial MR images, and the comparison of these measurements with results of a blinded visual assessment of difference images for the same subjects. We use a generic atlas and therefore do not require subject-specific segmentation. In related work, the ability of the same algorithm to recover large deformations was validated using a biomechanical model [22] .
A. Brainweb Simulated Normal Brain Image
The brainweb image is available from the McConnell brain imaging centre, Montreal Neurological Institute. It was created by first registering 27 (1-mm isotropic voxels) weighted gradient echo scans of a normal volunteer's brain [1] . These registered images were then corrected for RF inhomogeneity and intensity averaged to produce a high SNR image. This image was then classified into five tissue types: white matter, grey matter, CSF, fat, and background; first automatically using a clustering algorithm and then by expert manual editing [1] .
B. Nonrigid Cubic B-Spline Registration Algorithm
The nonrigid registration algorithm [20] we use here was designed by Rueckert for the registration of dynamic contrast enhanced MR breast images acquired only a few minutes apart. Subsequently, cubic B-splines have been used for: investigating intraoperative brain deformation [23] ; detecting structural brain differences in Alzheimer's and Fronto Temporal dementia [24] ; building three-dimensional (3-D) statistical brain deformation models [25] ; intrasubject registration of EPI and anatomical MR image [26] ; registration of MR-mammography and CT-DSA images with an incompressibility constraint [27] . The algorithm uses free-form deformations (FFDs) to model local deformation. FFDs were originally developed for computer graphics applications [28] . Local motion is modeled as translations of a regularly spaced grid (lattice) of control points , where is an index for a control point and is the size of the control point grid in the direction. The control points are constrained to translate according to a 3-D tensor product of piecewise cubic B-spline interpolating functions, , defined by (1) where and represents the basis function of the B-spline Cubic B-splines are chosen as the interpolating functions, more precisely "approximating" functions [29] , because they have the property of compact support. Cubic B-splines ensure a continuous deformation, i.e., the first and second derivative of the transformation are continuous. These constraints reduce the number of degrees of freedom so that the B-spline coefficients can be parameterised completely by translating the B-spline control points. Moving one control point only affects the spline coefficients in a local, 4 4 4 control point, neighborhood and so efficiently models local deformations. Registration involves determining the set of control point translations that maximize a measure of image similarity (normalized mutual information). Normalized mutual information (NMI) is a voxel intensity-based image similarity measure that is determined from the sum of the marginal image entropies, and the joint entropy as follows: (2) where and .
is the probability distribution of the intensity of image and is the joint probability distribution of the intensities of corresponding voxels of images and . All probabilities are determined in the overlapping parts of the images. The spatial frequency extent of the deformation can be controlled by adjusting the control point spacing . A coarse control point grid models low frequency deformations while a fine one models high frequency deformations.
The algorithm's optimization involves translating the control points in steps along the direction of the maximum similarity gradient until the magnitude of the gradient of the cost function is less than or equal to a threshold (set to zero here) or until a prespecified number of iterations is exceeded. Then the step size is decreased by a factor of two and the process continues.
II. MATERIALS AND METHODS

A. Clinical Data
The clinical growth hormone data set consists of three serial MR scans of six volunteers and five growth hormone deficient patients with an interscan interval of three months. The scans were acquired using a Siemens 1T MAGNETOM impact expert and 3-D FLASH weighted gradient echo sequence with the following parameters: ms, ms, flip angle , 256 192 mm FOV, 94 axial partitions (thickness 1.8 mm). The reconstructed spatial image has 256 256 94, 1 1 1.8 mm voxels. To estimate volume measurement precision we also acquired three MR scans of another five volunteers with the same 3-D FLASH MR sequence, but with an interscan interval of less than five minutes.
B. Montreal Brain Atlas
Our atlas (registration source image) is based on the brainweb normal brain image without added noise [1] -see review in Section I-A. To reduce image resampling error during affine registration this atlas was interpolated with a Hanning windowed sinc kernel (radius 6 zero crossings) from 1 1 1 mm to the same voxel dimension as the clinical data, 1 1 1.8 mm. We use the brainweb supplied CSF classification to define the lateral ventricles, as illustrated in Fig. 2 .
C. Registration
Registration was performed as a two-stage process. First, global motion and gross differences in head size were compensated for using Studholme's affine (12 degrees-of-freedom) registration algorithm [30] . Because of large differences in orientation between the atlas image and the subject images, a rigid-body starting estimate was provided interactively so that the images were within approximately 5 mm and 5 of rigid alignment prior to affine registration. This took about five minutes and was used for all subjects. Second, local deformation was calculated using the B-spline nonrigid registration algorithm [20] (reviewed in Section I-B), first with a coarse control point grid, and then with a fine one (see the next section for the parameter values that were used). The entire brain was used for the coarse grid registration. For the fine grid registration, a region of interest (ROI) was defined surrounding the ventricles using the ventricular outline from the coarse grid registration solution and dilation to provide a support region. Only voxels in this region were used for the fine grid registration, substantially reducing the execution time.
To reduce the algorithm's sensitivity to noise, especially at the fine control point spacing, the images were low-pass filtered with a Gaussian smoothing kernel.
D. Registration Parameters
The B-spline algorithm has a number of parameters that are application dependent. Arguably the most important one is the control point grid spacing or more precisely the range of spacings [ ] which should reflect the spatial frequency content of the deformation. also has a large impact on the computational complexity of the algorithm which is approximately . is most critical because it bounds the highest spatial frequency that can be recovered.
allows low frequencies to be recovered efficiently, setting too small would reduce the likelihood of convergence within the pre-specified number of iterations and also lead to an excessive computational overhead.
is lower bounded by the image resolu-tion and the behavior of the registration function in relation to the noise in the 4 4 4 control point neighborhood. Ignoring noise effects, would optimally be set to the highest frequency present in the deformation which is bounded by image resolution. So we chose to be of the order of three voxels, i.e., mm and tested whether reducing to 2.5 mm made a difference, we found that the difference was negligible for one case, see Section IV-D for details. was chosen to be of the order of the maximum difference in extent of the atlas and the subject ventricles (10 mm). The maximum step length is a tradeoff between efficiently determining large deformations and avoiding folding and was set to 0.8 i.e., 8 and 4 mm, respectively. The maximum number of iterations depends on the rate of convergence of the optimization stage. This number is most critical for the fine grid stages as it is possible to model low frequency deformations with higher frequency ones. The number was chosen to be 15 and 20 for the coarse mm and fine mm grids, respectively. This ensured that the optimization converged within the prespecified number of iterations at the finest step size.
The dilation step allows a considerable reduction in the computational overhead during the fine grid stage at the expense of a few minutes of manual intervention. The amount of dilation required depends on the amount of misregistration present following the coarse grid registration and also needs to be sufficiently large to provide a support region for the interpolating B-splines near the ventricular boundary. We found using manual inspection of the propagation following the coarse stage that 7-mm dilation provided such a region for all but one case; see Fig. 3(a) . This exceptional case had thin elongated ventricles and it is likely that the coarse grid stage did not sufficiently well model the high frequencies needed to recover this deformation. For this case we increased the dilation to 25 mm; see Fig. 3(b) . We would not expect the registration accuracy at the ventricular boundary to be highly sensitive to extent of the support region above one control point spacing (5 mm) because of the compact support property of B-splines. The interactive dilation step took less than 30 min for the entire data set.
Gaussian low-pass filtering was used to reduce noise and improve the conditioning of the registration function and also to normalize the spatial frequency content of the image pair which were acquired from different scanners. The kernel width was set to mm which is a similar width to that shown to perform well for rigid body registration [31] and also to that previously used for another nonrigid registration algorithm [9] .
E. Volume Measurement Strategy
Ventricular volume (change) was measured by transforming, using trilinear interpolation, the binary ventricle mask image into the space of the subject images using the deformation field calculated by the 5-mm nonrigid registration. The intensities of voxel locations in the transformed image space are interpolated from the intensities of the eight nearest neighboring voxels. If the interpolated point is in the interior of a region, then all its neighbors have the same intensity and so it is assigned this intensity. If, however, the interpolated point is near the boundary, for example see boundary voxels in Fig. 1 , then the assigned intensity will be a linear combination of the Cartesian distances and the intensities of the nearest neighbor voxels. We demonstrate how this interpolated intensity is assigned in 1D and show how the partial volume can be estimated from the transformed image as follows. Consider the binary image with the intensity of the CSF space in the ventricles assigned and the background intensity assigned . The interpolated point in the transformed space, in this case the space of the subject images, is shifted voxels from the boundary as illustrated in Fig. 4 . Then the interpolated point is assigned intensity as follows:
. We estimate the partial volume of the boundary voxels by dividing the sum of the interpolated intensities by the interval . To validate this estimator we generated a binary image representing the segmented ventricles of the Montreal atlas with and and uniformly scaled it using trilinear interpolation from 0 to 10% in 1% intervals and measured the new volume. Then we calculated the mean and standard deviation of the difference between the prescribed and measured volume, the mean (standard deviation) was 0.046% (0.1%) which gave a 95% confidence interval of ( ) [32] .
III. VALIDATION
To validate the volume measurements we determined the precision of repeat measurements and correlated the quantitative volume change measurements with structural change estimates provided by radiologists. We also compared the shape of the propagated ventricles to manually segmented ones using a quantitative voxel overlap similarity index.
A. Volume Measurement Precision
The atlas was registered to each of the three consecutive volunteer images giving three nonrigid transformations. Then the atlas ventricles were propagated into the space of each scan using the these transformations to give three estimates of ventricular volume. If registration was perfect then the three nonrigid transformations and therefore the volume estimates would be identical. The standard deviation of these volumes thus provides an estimate of volume measurement precision.
B. Correlation With Visually Assessed Structural Change
In previous reported work [3] , [4] , the three and six months repeat images were rigidly aligned with the zero-month baseline, and the baseline images were subtracted to produce a set of 22 difference images. Fig. 5 shows axial and coronal views of a difference image, similar to those first published in [3] , and illustrates the structural anatomical change. The set of difference images was randomised and presented to two independent radiologists for evaluation [3] , [4] . For each of the difference images, the amount of structural change was then ranked using a seven point scale [3] and the mean score for the two radiologists was calculated. Scores 1, 2, and 3 represent no change, 4, 5, and 6 represent probable change, and 7 represents definite change. The rankings of each subject are given in Table I . These results suggested that three of the patients and none of the volunteers showed definitive structural change, corresponding to an increase in cerebral volume, over the study period. The Wilcoxon rank sum statistic indicated that it was unlikely ( ) that there was no difference in anatomical change between the patient and volunteer groups. The Spearman rank order coefficient was 0.85 indicating high interobserver agreement.
The level of agreement between the visually assessed scores and the quantitative volume change measurements, derived from the nonrigid registration, was assessed for the eleven subjects using the Spearman rank correlation coefficient.
C. Shape
It is possible that the propagation may have the same volume, but a different shape to that of the anatomical structure. To assess this error we manually segmented the baseline scans of the volunteers slice by slice using the Analyze package (Mayo Clinic, Rochester, MN, USA). The binary atlas image of the ventricles was propagated using trilinear interpolation and thresholded at the 50% (grey level ) iso-intensity contour to produce a set of propagated binary images. The manually segmented and propagated binary images were then compared using a 3-D voxel overlap similarity index as was previously used for comparing two-dimensional (2-D) slices [15] . This index is a measure of the ratio of the number of voxels in the intersection of the two structures and to their combined number and is defined as follows: (3) IV. RESULTS
The mean ventricular volume and the volume change for the growth hormone study subjects at the 0, 3, and 6 months timepoints are shown in Table II . Over six months there was a mean 1.2 cm (5.5%) decrease in ventricular volume for the patient group compared to a 0.18 cm (1.1%) increase for the controls. To test whether the volume change measurements for the two groups differed significantly, the Wilcoxon rank sum test (Matlab, Mathworks Inc, Natick, MA) was used with the null hypothesis that there was no difference between the groups. This gave (5% significance) for the 0 and 3 month scans and (1% significance) for the 0 and 6 month scans. The -values for both pairs of timepoints was , which compares with found in our previous study involving qualitative ranking of difference images using a seven point scale [21] . Fig. 6 shows graphically the ventricular volume and volume change at the 0, 3, and 6 month timepoints for each of the eleven subjects. Fig. 7 shows the propagation for subject p1. The white line corresponds to the 50% (grey level ) iso-intensity contour of the transformed binary image. Table III gives the measurements of ventricular volume derived from three consecutive scans of five control volunteers (cv1-cv5). The table also gives the precision (standard deviation) estimates for each subject both in cm ( ) and as a percentage of ventricular volume ( ). The rms of and for subjects are 0.23 cm and 1.04%, respectively. The 95% confidence level for and was estimated using the -distribution, [33] , as 0.52 cm and 2.31% of ventricular volume, respectively. These precision estimates apply under conditions of subject repositioning between scans, but no anatomical change. The propagated segmentations of the ventricles of subject cv1 are illustrated in Fig. 8 .
A. Ventricular Volume Measurement Precision
B. Correlation With Visually Assessed Structural Change
The Spearman rank correlation coefficient ( ), was , for zero to three months, , for zero to 6 months, and , for both sets of timepoints. The values indicate a significant correlation with the previously published visually assessment results at the 5% level; see [32] for . 
C. Shape
The similarity index for the propagated and manually segmented ventricles of the six study volunteers and the additional volunteer used for determining the precision of volume measurement is given in Table IV. The mean (minimum, maximum and standard deviation) of the similarity index for this group of seven volunteers was 0.81 (0.77, 0.86, 0.04). To put this value in context: an index of 0.9 is generally considered as an excellent shape similarity and an index of 0.76 corresponds to the similarity of the original shape of the MNI ventricles with the shape obtained by eroding them by one voxel. with the previously published results and implausible biologically. Therefore it is most likely to be the result of registration error. Fig. 9 illustrates the propagation of the ventricles to the space of subject v2, following: 1) affine registration; 2) B-spline registration with 10-mm control point spacing; and 3) 5 mm control point spacing. In 1), there are large errors at the ventricular horns. In 2), these errors have been rectified. However, there appear to be errors particularly at the grey matter/CSF interface. In 3), although the propagated ventricles more closely match the shape (see axial view) there remain errors of up to about two voxels at the grey/CSF interface. To test whether reducing the control point spacing to less than 5 mm reduced the registration error we performed an extra registration stage with a control point spacing of 2.5 mm. We then compared the propagation with the one derived from the 5-mm spacing solution using the overlap similarity index. The similarity index was 0.9996 indicating negligible difference. We examined the integrity of the transformations by assessing the level of local folding. Folding is implausible physically, but there is no implicit mechanism to prevent it in the algorithm. We measured the degree of folding for the set of transformations derived using the fine control point (5 mm) spacing for the study group data. A voxel was considered to be folded if the determinant of the Jacobian of the deformation field was negative. Folding was detected for thirteen out of 33 subjects, the mean number of folded voxels in the target ROI was 2.7%
D. Errors in Registration
V. DISCUSSION AND CONCLUSION
A key strength of the nonrigid registration approach we use [20] is that it is based on an information theoretic similarity measure (normalized mutual information) whereas other nonrigid algorithms [11] , [34] are based on intensity difference similarity measures. Mutual information has the capability of registering images with nonlinearly related voxel intensities. As a result, accurate registration of images that are derived from different scanners and of images that are not corrected for intensity inhomogeneity is possible. Hence, a generic brain atlas can be used without having to acquire and segment extra study data, as was required in previous work (e.g., [15] ). We have chosen to use a method of integrating intensities of the transformed binary image to calculate ventricular volume. This has the benefit of also providing segmentations of the target structure in the subject space. An alternative approach would be to calculate the in- tegral of the Jacobian of the deformation field, for example, for each target structure voxel. In this paper, we have demonstrated that this approach is precise ( cm with 95% confidence) when applied to consecutive scans of ( ) volunteers and that small changes of brain ventricular volume ( 1 cm ) can be quantified by segmentation propagation using a B-spline nonrigid registration algorithm. This is the first time that a nonrigid registration algorithm based on optimization of normalized mutual information has been shown to detect volume changes of this magnitude. These measurements are sufficiently accurate to significantly ( ) determine ventricular volume change for a group of five growth hormone patients compared to a group of six normal subjects. We have been able to validate the algorithm by demonstrating high correlation ( , ) between these results and those previously reported from ranking of difference images after rigid registration of the same images [21] . Often manual segmentation of a region of interest (in this case the lateral ventricles) from the serial scans is used to de-termine volume change. However, the intraobserver variability for manual segmentation of the lateral ventricles from serial MR scans similar to ours has been estimated to be 1 cm [23] . Therefore, the intraobserver variability of manual segmentation for determining volume change would be cm which is 40 greater the mean volume change that we have measured ( 1 cm ). This suggests that manual segmentation would be insufficiently accurate to detect this level of change. In comparison, rigidly registered difference images, derived from serially acquired MR scans, have been shown to be sensitive to subvoxel levels of change of about 1/39 voxels for phantoms [35] and about 0.2 mm for the same brain data set analyzed here [3] . Therefore, we argue that the visual assessment of difference images is more sensitive than manual segmentation for detecting small volume change. Indeed, it is for this reason that we have chosen to compare our quantitative measurements with these assessments. The shape of the propagated ventricles was compared with manually segmented ones using a voxel overlap similarity index giving a mean index of 0.81 ( ). However, the manual segmentation was done on a slice-by-slice basis and can only be accurate to half a voxel which would result in a relatively large segmentation error in the parts of the ventricular system that are only a few voxels in diameter. The propagations for volunteer v2 show clear registration error near low contrast tissue interfaces, in particular grey matter/CSF, see Fig. 9 . These registration errors probably explain the ventricular volume change of volunteer v2 (0 to 3 months) of 1 cm shown in Fig. 6(d) . Further improvements to the method of registration would probably reduce these errors. Overall results, however, suggest that automatically derived measurements correlate with the previous visually assessed ones ( ) and suggest that the approach will be valuable for the determination of small change resulting from drug therapies carried out on groups of patients.
